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Abstract 

Indole derivatives have been widely reported as anti-HIV agents. In this study, we have developed QSAR (2D and 3D) 
models and pharmacophore hypothesis for a series of indole-7-carboxamides to predict their ideal characteristics as potential 
anti-HIV agents. CS Chem Office 2004 and Vlife MDS 4.3 software were used for modelling and models development. 
Some of the statistical parameters were calculated by using QSARINS (www.qsar.it). We have used MLR and PLS 
techniques to develop QSAR models. The developed QSAR models were found to be statistically significant based on 
internal and external validation parameters. The developed 2D QSAR study model indicated the importance of the 
descriptors like count of number of carbon atom separated from any sulphur atom by 7 bond distances in a molecule, dipole 
moment, Most-ve Potential and Most+ve Potential of molecule on their anti-HIV activity. Further, 3D QSAR study suggested 
that the presence of electrostatic and steric field descriptors significantly affects the anti-HIV ability of indole-7-
carboxamides. The generated pharmacophore hypothesis proved the significance of aromatic and hydrogen bond acceptor 
features. It can be concluded that the proposed models explained the relationship of the physicochemical, steric, electrostatic 
and hydrophobic properties of indole-7-carboxamides with their anti-HIV activity and these can be used as guidance for 
synthesis of new anti-HIV agents. 
 
Rezumat 

Derivații de indol au fost raportați privind activitatea anti-HIV. In acest studiu, am dezvoltat modele QSAR (2D și 3D), în 
cadrul unei serii de derivați indolici ai 7-carboxamidei pentru a prefigura caracteristicile lor ca potențiali agenți anti-HIV. 
Software-urile CS Chem Office 2004 și Vlife MDS 4.3 au fost folosite pentru modelare. Unii dintre parametrii statistici au 
fost calculați prin utilizarea QSARINS (www.qsar.it). S-au utilizat tehnicile MLR și PLS pentru dezvoltarea modelelor 
QSAR. Modelele QSAR dezvoltate s-au dovedit a fi statistic semnificative pe baza parametrilor interni și externi de validare. 
Modelul dezvoltat 2D QSAR a indicat importanța descriptorilor, cum ar fi numărul de atomi de carbon care separă orice atom 
de sulf la 7 legături de valență în moleculă, momentul de dipol, vePotential- și vePotential+ molecular, acestea influențând 
activitatea anti-HIV. Mai mult, studiul 3D QSAR a arătat faptul că descriptorii de câmp electrostatic și sterici influențează în 
mod semnificativ activitatea anti-HIV a compușilor derivați de indol-7-carboxamidă. Ipoteza privind farmacoforul generat a 
arătat semnificația caracteristicilor aromatice și a posibilității formării de legături de hidrogen. Se poate concluziona faptul că 
modelele propuse explică relația dintre caracterisitcile fizico-chimice, sterice, electrostatice și proprietățile hidrofobe ale 
indol-7-carboxamidelor cu activitatea lor anti-HIV, iar aceste relații pot fi folosite orientativ pentru sinteza unor noi agenți 
anti-HIV. 
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Introduction 

Acquired immunodeficiency syndrome (AIDS) is a 
dreadful virulent disease that is still causing havoc 
worldwide [1]. The shattering potential of this viral 
disease has not been fully realized. The causative 
moiety of the disease or AIDS - related complex 
(ARC) is human immunodeficiency virus (HIV), 
which is a retrovirus of the lentivirus family [1-3]. 
Enzymes such as reverse transcriptase, protease and 
integrase encoded by the gag and gag-pol genes of 
HIV play an important role in the viral replication 
cycle [4]. The extensive use of anti-HIV agents 
have led to the development of severe resistance, 

which greatly reduced their efficacy. These finding 
drives the quest to look for new anti-HIV agents 
with increased efficacy and less resistance. 
Numerous 2D QSAR studies [5-19], comparative 
molecular field analysis (CoMFA) and comparative 
molecular similarity indices analysis (CoMSIA) 
have been carried out for different group of 
compounds in rational drug design and their anti-
HIV applications [20-29]. Few 2D QSAR analyses 
were reported for toxicological studies [30-32]. 
In the present study we have been using 2D, 3D 
QSAR and pharmacophore mapping analysis to model 
and predict the ideal physicochemical characteristics, 
sterical and electrostatic parameters, and pharmacophore 
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features of indole-7-carboxamide derivatives as 
potential anti-HIV agents [33]. 
 
Materials and Methods 

The chemical structure of the desired indole-7-
carboxamides was built using CS Chem Office 
2004 (Cambridge Soft Corp., Cambridge, USA, 
http://www.cambridgesoft.com) and the molecular 
modelling studies were carried out in Vlife MDS 4.3 
(Product of VLife Sciences Technologies Private 
Limited, India with website: www.vlifesciences.com). 
Some of the statistical parameters were calculated 
by using QSARINS (www.qsar.it) [34]. 

Biological Data 
The biological data used in the present study are the 
anti-HIV activity of 39 indole carboxamide 
derivatives [33], as 50% effective concentration 
(EC50) (Table I) was used as dependent variable. 
The selected series has a high structural diversity 
and a significant range of the biological activity. 
Anti-HIV activity used in the present study were 
expressed as pEC50= -log10 EC50, where EC50 is the 
micro-molar concentration of the compounds 
producing 50% reduction in HIV-1 activity stated 
as the mean of at least two experiments. 

Table I 
Structures and anti-HIV activity of the indole-7-carboxamide derivatives 
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3 - 20 

Compd. No. R 
1 - 
2 - 
3 H 
4 methyl 
5 N,N-dimethyl acetamide (C7) 
6 piperazinyl benzamide (C7) 
7 methoxy 
8 amine 
9 methoxyethyl 

10 ethylamine 
11 N,N-dimethyl ethylamine 
12 morpholino-N-ethyl 
13 N-ethanone azetidin-3-yl 
14 benzenyl 
15 benzoimidazole-2-methyl 
16 furan-2-methyl 
17 thiophene-2-methyl 
18 indole-2-ethyl 
19 S-methylsulfonyl 
20 S-phenylsulfonyl 
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21 - 26 

Compd. No. R X Y Z 

21 H OMe H C 

22 Me OMe H C 
23 H F Me C 
24 Me F Me C 
25 H F H N 
26 H F Me N 

N
H

O
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O
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F

O

HN

OHetAr  
27 - 39 

Compd No. HetAr 
27 pyridin-4-yl 
28 pyridine-3-yl 
39 pyridin-2-yl 
30 1H-tetrazol-5-yl 
31 1,3,4-thiadiazol-2-yl 
32 1-ethylpyrazol-5-yl 
33 3-methylisoxazol-5-yl 
34 4,5-dihydrothiazol-2-yl 
35 thiazol-2-yl 
36 4-methylthiazol-2-yl 
37 benzothiazol2-yl 
38 1H-benzoimidazol-2-yl 
39 4-phenylthiazol-2-yl 

 
Sketching of Molecules 
The 2D structures of the compounds were built in 
modelling software CS Chem Office 2004 by using 
its drawing tools. The structures were then checked 
for errors and cleaned up and saved as .mol files 
which were further transferred to VLife MDS 4.3 
software, where the structures were converted from 
2D form to 3D form. 
Energy Minimization 
The geometry of 3D structure was optimized to 
local minima by using Merck Molecular Force 
Field (MMFF) by considering distance-dependent 
dielectric constant of 1.0, convergence criterion or 
root-mean-square (RMS) gradient at 0.001 kcal/mol 
Å and the iteration limit to 10,000. Most stable 
structure for each compound was generated and 

saved as .mol2 files for computing various physico-
chemical and alignment independent descriptors. 

2D QSAR Analyses 

Calculation of descriptor (Independent variable) 
Diverse physicochemical and alignment independent 
descriptors of energy minimized molecules were 
calculated by using Vlife MDS 4.3 software. The 
pre-processing of the independent variables (i.e. 2D 
descriptors) was done by removing the invariable 
(constant column), which resulted in a total of 120 
descriptors to be used for QSAR analysis. Variable 
exclusion was done for constant variable or near 
constant variable at paired correlation. The descriptors 
were scaled by auto-scaling method. The total 
number of descriptors involved in the present study 
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was higher for the series of compounds; hence 
significant descriptors have been elaborated. 
Training and prediction set selection 
The training set and prediction dataset were divided 
by adopting the sphere exclusion (SE) and random 
selection methods [35]. The dissimilarity values 
used in sphere exclusion method was 2 and 2.5, 
where the sphere exclusion radius was given by 
dissimilarity value. The most active compound in 
the dataset was selected as the starting point for 
building a sphere [36]. The selection of training and 
prediction set was further justified by uni-column 
statistics calculated for each case of study. Ten 
trials (70, 75, 80 and 85%) were run in the case of 
random selection method. 
Feature selection and model development 
Among several search algorithms, stepwise (SW) 
forward–backward variable selection method [37], 
genetic algorithms (GA) and simulated annealing 
(SA) based feature selection procedures were found 
to be the most popular for building QSAR models 
to explain the situation more effectively [38, 39]. 
To build QSAR equations, the cross-correlation 
limit was set at 0.7, the number of variables at 5, 
and the term selection criteria at q2. F value was 
specified to evaluate the significance of the variable. 
The variance cut-off was set at 0, with auto-scaling in 
which the number of random iteration was set at 100. 
In SW forward–backward variable selection algorithm, 
the model is repeatedly altered from the previous 
one by adding or removing a predictor variable in 
accordance with the ‘stepping criteria’ (in this case 
F = 4 for inclusion; F = 3.99 for exclusion for the 
forward–backward selection method). In GA 
method, population and number of generations 
were set at 10 and 1000 with speed of 9999. In SA 
method, the maximum and minimum temperature 
were set as 100 K and 0.01 K, respectively and the 
temperature was decreased by 5 units with 100 
iterations at that particular temperature. 
Two types of chemometric tools, multiple linear 
regression analysis and partial least square analysis, 
were used to establish the relationship between 

dependent variable and various independent 
variables by using VLife MDS 4.3. 
Model quality and validation 
The developed QSAR models are evaluated by using 
the following statistical measures: n (the number of 
compounds in regression); k (number of variables); 
DF (degree of freedom); optimum component (number 
of optimum PLS components in the model); r2 (the 
squared correlation coefficient); r2se (standard error 
of squared correlation coefficient); F-test (Fischer’s 
value) for statistical significance; q2 (cross-validated 
correlation coefficient); q2_se (standard error of 
cross-validated square correlation co-efficient); 
pred_r2 (r2 for external prediction set); pred_r2se 
(standard error of predicted squared regression); Z 
score (Z score calculated by the randomization test); 
best_ran_q2 (highest q+ value in the randomization 
test); best_ran_r2 (highest r2 value in the 
randomization test). Internal validation was carried 
out using ‘leave-one-out’ (q2

LOO) method [40, 41]. 
The external predictability of the selected model 
was also checked by rm

2
, r׳m2 and rm

2 average, which 
were proposed by Roy and Roy (2007) [42] and 
were calculated by the following formulas Eq. 1, 2 
and 3: 

 𝑟!!  = 𝑟! 1 −  𝑟! −  𝑟!!         (Eq. 1) 

𝑟!!" = 𝑟! 1 −  𝑟! −  𝑟!!"           (Eq. 2) 

 𝑟!!   = !!
! ! !!!" 
!

             (Eq. 3) 

where r2 is the squared correlation coefficient 
between observed and predicted values and r0

2 is 
the squared correlation coefficient between observed 
and predicted values with intercept value set to 
zero. rm

2 (overall) is the rm
2 value calculated for 

both LOO and prediction set together. A value of 
rm

2 greater than 0.5, could be an indicator for good 
external predictability. 
The external predictability of the selected model was 
checked by using CCC (Concordance Correlation 
Coefficient) which was proposed by Gramatica et al. 
(2014) [43] and calculated by the following formula: 

 

 (Eq. 4) 

3D QSAR Analyses 

The molecular modelling studies were performed 
using VLife MDS 4.3, supplied by VLife. The 
energy minimized indole-7-carboxamide derivatives 
used in 2D QSAR studies were also used as such for 
3D QSAR studies. The most significant requisite 
for any 3D QSAR study is to align the data set on a 
suitable conformational template, either by taking a 

reported crystal structure of a bioactive compound 
or by considering the most active compound. 
The indole-7-carboxamide moiety of the bioactive 
compound 36 was used as a substructure and the 
rest of the molecules were aligned on it using 
template alignment method. Electrostatic, steric and 
hydrophobic field descriptors were selected for 3D 
QSAR studies. For calculation of field descriptor 
values, the cut-off values respectively were set at 
10.0 and 30.0 Kcal/mole for electrostatic and steric 
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field. The charge type was selected as Gasteiger-Marsili. 
Dielectric constant was set to 1.0 considering the 
distance dependent dielectric function. 
Calculation of descriptors (Independent variables) 
The VLife MDS 4.3 (VLife) software allows the 
user to choose probe, grid size, and grid interval for 
the generation of descriptors. After suitable alignment 
of a given set of molecules, a common rectangular 
grid (lattice) was generated around the molecules. 
The steric, electrostatic and hydrophobic interaction 
energies were computed at the lattice points of the 
grid using a methyl probe of charge +1. These 
interaction energy values were considered for 
relationship generation and could be utilized as 
descriptors. 
Training and prediction set selection 
The training and prediction sets were selected by 
sphere exclusion (dissimilarity value 5 and 8) and 
random selection (ten trials for: 70, 75, 80 85 and 
90%) method. Uni-column statistics was used for 
further justification on the selection of training and 
prediction set. 
Feature selection and model development 
The kNN-MFA and PLS methods were used to 
generate 3D QSAR models using the variable 
selection methods viz. stepwise (SW) forward- 
backward, genetic algorithm (GA) and simulated 
annealing (SA). In all the methods, F-test “in” was 
set to “4.0” and F-test “out” was set to “3.99”. As 
more additional parameters, variance cut-off was 
set as 2 Kcal/mol Å, scaling was set as auto-scaling, 
additionally the K-nearest neighbour parameter was 
set as 5, PLS optimum component was set as 5 and 
the prediction method was selected as distance base 
weighted average. 
The statistical and validation parameters are same 
as 2D QSAR. In 3D QSAR, electrostatic, steric and 
hydrophobic fields were generated around the 
aligned molecules in the grid. Negative value in 
electrostatic field descriptors (blue points in the 
dialog box) indicates that negative electronic 
potential is essential for activity and more electro-
negative substituent group is preferred at that 
position, and positive electronic potential range 
indicates the vice-versa. Negative range in steric 
field (green points in the dialog box) signifies that 
negative steric potential is required for activity and 
less bulky substituent group is preferred in that 
region. The positive value of steric descriptors 
reveals that positive steric potential is favourable 
for increased activity and more bulky group is 
preferred in that region. Positive value in hydro-
phobic field descriptors (yellow points in the dialog 
box) indicates that positive hydrophobic potential is 
favourable for activity and more hydrophobic 
substituent group is preferred at that position, and 
negative hydrophobic potential range indicates the 
vice-versa. 

Pharmacophore Modelling 
The energy minimized and aligned derivatives used 
in the 3D QSAR studies were used as such for the 
pharmacophore modelling studies. This pharmacophore 
modelling was carried out in the molsign module of 
Vlife MDS 4.3 software. 
Pharmacophore generation 
Generate option in molsign module was used to 
generate pharmacophoric features. Most active 
molecule of the series 36 was used as reference. 
The next three fields are required to set the 
parameters for pharmacophore identification. The 
first field value, primary pharmacophore feature count, 
was set as 3 and it indicates the minimum number of 
pharmacophore features generated for an alignment. 
The next field represents the tolerance limit and it was 
set as 30 and this number indicates the flexibility in 
percentage allowed while comparing two feature 
combinations across two molecules. The next field 
indicates the maximum distance allowed between 
two features and this value was set as 10 Å. 
 
Results and Discussion 

The 2D QSAR study of the selected data set of 39, 
indole-7-carboxamide derivatives [33] for anti-HIV 
activity (Table I) through MLR (Multiple Linear 
Regression) and PLS (Partial Least Square) methodology 
was based on various feature selection methods viz. 
SW, GA and SA using VLife MDS 4.3 (VLife) 
software. This resulted many QSAR models, 
considering the term selection criterion as r2, q2 and 
pred_r2. The training and prediction sets were 
selected by sphere exclusion (dissimilarity value 2 
and 2.5) and random selection (70, 75, 80, 85 and 
90%) method and the models were validated by 
both internal and external validation procedure. 
We obtained a number of QSAR models from this 
data by using different feature selection and model 
development methods. One of the best and 
significant models was Model-1. The criteria used 
to get Model-1 were: random training and 
prediction set selection method (70%), Stepwise 
forward–backward variable selection method and 
subsequent model development by multiple linear 
regressions (MLR). Prediction set compounds: 3, 9, 
12, 15, 21, 27, 29, 30, 33 and 39. Compound 38 
was removed as outlier on the basis of the deviation 
between observed and predicted activity from the 
model (observed activity – predicted activity > 2S, 
where S is the standard deviation) [44]. 

Model-1: 

pEC50 = 15.377 + 0.410 (± 0.067) T_C_S_7 + 64.105 
(± 12.796) Most+ve Potential - 65.027 (± 7.348) 
Most-ve Potential - 0.007 (± 0.000) Quadrupole1. 
n = 28; r2 = 0.880; r2

se = 0.373; r2
adj = 0.859; 

RMSEtr = 0.339; MAEtr= 0.283; CCCtr = 0.936; 
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LOF = 0.225; F4,23 = 42.14; q2
LOO = 0.833; 

q2
 LOO se = 0.399; CCCLOO = 0.912; Z Score r2 = 8.409; 

Z Score q2 = 6.459; Best Rand r2 = 0.149; 
Best Rand q2 = 0.290. 
Model-1 could explain 88.0% of the variance of the 
anti-HIV activity data. The parameters involved in 
the selected model (T_C_S_7, Most+ve Potential, 

Most-ve Potential, Quadrupole1) and the calculated 
anti-HIV activity by Model-1 are given in Table II. 
It was observed that there was no inter-correlation 
between the descriptors (Table III) involved in the 
model. The selected model has shown good internal 
prediction (q2

LOO = 0.833). 

Table II 
Selected parameters involved in 2D QSAR model Eq. (1) 

Compd. 
No. T_C_S_7 Most+ve 

Potential 
Most-ve 
Potential Quadrupole1 Actual activity 

(pEC50)  
Predicted activity 

(pEC50) 
1 0 0.11 -0.123 -9.751 -0.093 -0.260 
2 0 0.112 -0.125 36.467 0.125 -0.318 

3a 0 0.117 -0.119 35.76 -0.307 -0.383 
4 0 0.115 -0.124 1.49 0.284 0.048 
5 0 0.117 -0.117 30.101 0.284 -0.474 
6 0 0.116 -0.116 16.575 -0.428 -0.511 
7 0 0.117 -0.121 59.554 -0.583 -0.415 
8 0 0.122 -0.116 9.165 -0.430 -0.076 

9a 0 0.12 -0.105 44.776 -1.275 -1.162 
10 0 0.119 -0.111 3.398 -1.108 -0.554 
11 0 0.111 -0.096 40.365 -2.499 -2.294 

12a 0 0.119 -0.101 13.933 -0.900 -1.276 
13 0 0.121 -0.097 35.52 -1.051 -1.555 
14 0 0.117 -0.096 4.127 -2.038 -1.662 

15a 0 0.136 -0.092 -5.611 -0.828 -0.638 
16 0 0.113 -0.114 -60.537 -0.114 -0.307 
17 2 0.115 -0.102 -27.243 -0.025 -0.365 
18 0 0.136 -0.098 -11.894 -0.033 -0.205 
19 1 0.12 -0.105 8.035 -0.422 -0.501 
20 1 0.123 -0.117 15.912 0.538 0.418 

21a 0 0.11 -0.125 8.902 0.119 -0.258 
22 0 0.106 -0.136 24.68 0.119 0.093 
23 0 0.125 -0.127 47.641 0.854 0.569 
24 0 0.126 -0.124 47.339 0.125 0.441 
25 0 0.113 -0.12 30.21 -0.880 -0.536 
26 0 0.11 -0.115 -115.63 -0.152 -0.058 

27a 0 0.116 -0.119 9.757 -0.528 -0.269 
28 0 0.116 -0.117 31.303 -0.959 -0.546 

29a 0 0.113 -0.137 41.892 0.187 0.490 
30a 0 0.118 -0.12 16.129 0.398 -0.119 
31 3 0.116 -0.12 28.988 0.721 0.896 
32 0 0.12 -0.115 -0.86 -0.487 -0.200 

33a 0 0.121 -0.116 -17.867 0.027 0.045 
34 3 0.114 -0.128 -41.089 1.699 1.767 
35 3 0.115 -0.128 -41.453 1.244 1.833 
36 3 0.114 -0.127 -37.951 2.237 1.680 
37 3 0.107 -0.118 -18.381 0.495 0.513 

38b 0 0.107 -0.11 -20.754 1.397 * 
39a 3 0.113 -0.116 -18.115 0.678 0.765 

a - indicates prediction set compounds, b - indicates outlier 
 

Table III 
Correlation matrix for descriptors in 2D QSAR model Eq. (1) 

 T_C_S_7 Most+ve Potential Most-ve Potential Quadrupole1 
T_C_S_2 1    

Most+ve Potential -0.249 1   
Most-ve Potential -0.210 0.462 1  

Quadrupole1 -0.312 0.288 -0.112 1 
 
The robustness of this model was checked by Y–
randomization test (maximum r2 value is 0.149 and 

maximum q2 is 0.290). The low randomized r2 and 
q2 value indicates that the good results in our 
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original model are not due to a chance correlation 
or structural dependency of the training set. 
Since the proposed Model-1 satisfied the following 
conditions its significance and prediction ability 
was confirmed. 
r2 = 0.880 > 0.6; CCCtr = 0.936 > 0.85; 
q2

LOO = 0.833 > 0.5; CCCLOO = 0.916 > 0.85; 
pred_r2 = 0. 803 > 0.6; pred_r2se = 0.278; 
CCCpred = 0.895 > 0.85; q2-F1 = 0.797 > 0.7; 
q2-F2 = 0.784 > 0.7;  q2-F3 = 0.919 > 0.7;  
rm

2 = 0.800 > 0.5; r'm2 = 0.733 > 0.5; ∆rm
2 = 0.067 < 0.2; 

rm
2 average = 0.766 > 0.5; k' = 0.9493; k = 0.8757 

(0.85 < k or  k '  <  1.15);  r2-r2
0 / r2  = 0.000;  

r2-r'20/r2 = 0.009 (r2-r2
0/r2 or r2-r'20/r2 < 0.1); 

rp
2 = 0.752 > 0.5; q2

LMO = 0.790 > 0.5. 
The proposed 2D QSAR model is predictive as it 
satisfies the conditions pred_r2 > 0.6 (pred_r2 = 0.803). 
Finally for Model-1, the applicability domain was 
established determining the leverage values for 
each compound. Figure 1 shows the Williams plot; 
i.e. plot of standardized residuals (y-axis) versus 
leverages (x-axis) for each compound of the 
training set. From this plot, the applicability domain 

was established inside a squared area within ± 2.50 
standard deviations and a leverage threshold 
h* = 0.536 (h* = 3p´/n, being p´ the number of model 
parameters + 1, and n the number of compounds). 
All compounds of training set and prediction set 
were inside of the square area as seen in Figure 1. 
The developed MLR model reveals that the descriptor 
Most-ve Potential which is an electrostatic descriptor 
showed negative contribution. Such negative effect 
suggests that the anti-HIV activity is increased with 
substitution of less or week electronegative groups 
in the compounds. These findings were supported 
by the compounds 34, 35, 36 and 39, which has 
Most-ve Potential value less than -0.125. As a 
positive contributing descriptor, Most+ve Potential 
is an electrostatic descriptor that influences activity 
variation and it is directly proportional to activity. 
This descriptor reveals the importance of presence 
of more or strong electropositive substituents in the 
compounds. These findings were supported by the 
compounds 20 and 23, which has Most+ve Potential 
value of > 0.123. 

 

 
Figure 1. 

Williams plot for Model Eq. (1): plot of standardized residuals (y-axis) versus leverages (hat values; x-axis) for 
each compound 

 Prediction set, Training set 
 
As a positive contributing descriptor, T_C_S_7 is 
an alignment independent descriptor that influences 
activity variation and it is directly proportional to 
activity. The descriptor T_C_S_7 reveals, the importance 
of the number of carbon atom (single, double or 
triple bonded), separated from any sulphur atom 
(single or double bonded) by 7 bond distance in a 
molecule. These findings were supported by the 

compounds 31, 34, 35, 36, 37 and 39, which has 
T_C_S_7 value 3.  
The descriptor Quadrupole1 which is a dipole 
moment descriptor showed negative contribution to 
the activity. Such negative effect indicates that the 
magnitude of first tensor of quadrupole moments is 
not favourable for anti-HIV activity. These findings 
were supported by compounds 33, 34, 35, 36, 37 
and 39, which showed negative Quadrupole1value. 
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Modification of all these parameters in the present 
series of compounds could lead to enhanced anti-
HIV activity. 
3D QSAR studies were carried out on the same 
series of compounds to investigate the contribution 
of steric, electrostatic and hydrophobic parameters 
on HIV-1 protease inhibitor activity of N-aryl-
oxazolidinone-5-carboxamide derivatives. 

 

 
Figure 2. 

Template based alignment of indole-7-carboxamide 
derivatives 

 
The 3D QSAR study of template base indole-7-
carboxamide derivatives (Figure 2) for anti-HIV 
activity (Table I) was performed by PLS (Partial 
Least Square) and kNN-MFA methodology. Based on 
various feature selection methods viz. SW, GA and 
SA using VLife MDS 4.3 (VLife) software many 
3D QSAR models were generated, considering the 

term selection criterion as q2. The training and 
prediction sets were selected by sphere exclusion 
(dissimilarity value 5 and 8) and random selection 
(70, 75, 80, 85 and 90%) method. The models were 
validated internally and externally. One of the best 
and significant 3D QSAR model was found to be 
Model-2. The criteria used to get Model-2 were: 
Random training and prediction set selection method 
(85%), Stepwise forward–backward variable selection 
method and model development Partial Least 
Square regression (PLS). Compound 2 and 11 was 
removed as outliers and the prediction set compounds 
were 4, 9, 15, 26 and 32. 

Model-2:  

Training Set Size = 32, Prediction Set Size = 5, 
Optimum Components = 1 
pEC50 = -0.350 - 0.420 * (E_2008) + 0.009 * 
(S_1297) + 0.105 * (S_1435) + 0.117 * (S_1869) 
n = 32; r2 = 0.725; r2se = 0.496; r2

adj = 0.684; 
RMSEtr = 0.455; MAEtr = 0.390; CCCtr = 0.851; 
LOF = 0.369; F2, 29 = 17.80; q2

LOO = 0.757; 
q2

LOOse = 0.332; CCCLOO = 0.910; Z Score r2 = 8.048; 
Z Score q2 = 4.198; Best Rand r2 = 0.127; 
Best Rand q2 = 0.004. 
Most significant model was generated by SW variable 
selection method. Cross validated correlation 
coefficient of the model was found to be 0.757 
which explains the goodness of internal prediction 
of the model. A closer view of the selected 
descriptors suggests that the E_2008, S_1297, 
S_1435 and S_1869 play a significant role in the 
structure activity relationship (Table IV). 

Table IV 
Descriptors involved in 3D QSAR model Eq. (2) for indole-7-carboxamide and the predicted activity of compounds 

Compd. No. E_2008 S_1297 S_1869 S_1435 Actual activity 
(pEC50) 

Predicted activity 
(pEC50) 

1 0.955 -0.006 -0.050 -0.092 -0.093 -0.766 
2b 0.917 -0.006 -0.038 -0.217 0.125 * 
3 -0.318 -0.013 -0.077 -0.208 -0.307 -0.247 

4a -0.825 -0.025 -0.126 -0.150 0.284 -0.034 
5 -0.750 -0.220 -0.341 -0.066 0.284 -0.084 
6 -1.349 -0.117 -0.097 -0.341 -0.428 0.168 
7 0.447 -0.034 -0.416 -0.077 -0.583 -0.594 
8 -0.137 -0.013 -0.070 -0.345 -0.430 -0.337 

9a 2.196 -0.007 -0.034 4.863 -1.275 -1.224 
10 0.460 -0.014 -0.070 19.704 -1.108 -0.344 

11b 1.026 -0.009 -0.040 30.000 -2.499 * 
12 -0.008 -0.016 -0.077 -0.726 -0.900 -0.432 
13 0.036 -0.048 -0.208 -0.205 -1.051 -0.411 
14 2.531 -0.044 -0.076 0.079 -2.038 -1.413 

15a 0.981 -0.013 -0.072 -0.451 -0.828 -0.817 
16 0.094 -0.016 -0.108 0.682 -0.114 -0.330 
17 0.253 -0.015 -0.096 -0.110 -0.025 -0.479 
18 1.077 -0.013 -0.064 1.682 -0.033 -0.633 
19 0.886 -0.046 -0.292 -0.143 -0.422 -0.771 
20 -2.761 -0.008 -0.087 -0.018 0.538 0.797 
21 -1.296 -0.010 2.062 -0.020 0.119 0.434 
22 -1.506 -0.007 -0.329 -0.013 0.119 0.243 
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23 -3.639 -0.002 -0.018 -0.057 0.854 1.170 
24 -2.728 -0.006 -0.199 -0.012 0.125 0.771 
25 0.105 -0.010 -0.059 -0.303 -0.880 -0.433 

26a -0.730 -0.028 -0.367 -0.043 -0.152 -0.091 
27 0.060 -0.020 -0.076 -0.661 -0.528 -0.453 
28 -0.266 -0.019 -0.066 -0.677 -0.959 -0.317 
29 -0.160 -0.015 -0.059 -0.155 0.187 -0.306 
30 -0.357 -0.022 -0.079 -0.472 0.398 -0.259 
31 -0.664 -0.025 -0.094 -0.391 0.721 -0.123 

32a 0.136 -0.014 -0.045 -0.660 -0.487 -0.482 
33 -0.581 -0.030 -0.213 -0.190 0.027 -0.151 
34 -3.617 -0.002 -0.176 -0.059 1.699 1.142 
35 -3.746 -0.010 -0.148 -0.018 1.244 1.204 
36 -1.687 -0.009 15.523 -0.013 2.237 2.177 
37 -2.441 -0.006 -0.061 -0.017 0.495 0.666 
38 -3.375 -0.011 -0.306 -0.014 1.398 1.030 
39 -1.655 -0.011 -0.323 -0.011 0.678 0.306 

a - indicates prediction set compounds, b - indicates outliers 
 

 
Figure 3. 

Contour maps for Model Eq. (2) E- Electrostatic, S- 
Steric 

 
The contour map for Model-2 is shown in Figure 3. 
The robustness of this model was checked by Y–
randomization test (maximum r2 value is 0.127 and 
maximum q2 is 0.004). The low randomized r2 and 
q2 values indicate that the good results in our 
original model are not due to a chance correlation 
or structural dependency of the training set. The 
significance and predictive ability of the proposed 
Model-2 was confirmed as it satisfies the following 
conditions: 
r2 = 0.725 > 0.6; CCCtr = 0.851 > 0.85; 
q2

LOO = 0.757 > 0.5; CCCLOO = 0.910 > 0.85; 
pred_r2 = 0.950 > 0.6; pred_r2se = 0.147; 
CCCpred = 0.956 > 0.85; q2-F1 = 0.962; q2-F2 = 0.926; 
q2-F3 = 0.962; rm

2 = 0.805> 0.5; r'm2 = 0.747 > 0.5; 
∆rm

2 = 0.058 < 0.2; rm
2 average = 0.776 > 0.5; 

k' = 0.934; k = 1.028 (0.85 < k or k' < 1.15); 
r2-r2

0/r2 = 0.025; r2-r'20/r2 = 0.048 (r2-r2
0/r2 or 

r2-r'20/r2 < 0.1); rp
2 = 0.560 > 0.5; q2

LMO = 0.750 > 0.5. 
The proposed 3D QSAR model is predictive as it 
satisfies the conditions pred_r2 > 0.6 (pred_r2 = 
0.950). The applicability domain of Model-2 was 

established determining the leverage values for 
each compound. Figure 4 shows the Williams plot; 
i.e. plot of standardized residuals (y-axis) versus 
leverages (x-axis) for each compound of the training 
and prediction set. From this plot, the applicability 
domain was established inside a squared area 
within ± 2.50 standard deviations and a leverage 
threshold h* = 0.469 (h* = 3p´/n, being p´ the 
number of model parameters + 1, and n the number 
of compounds). All compounds of training set and 
prediction set except compound 5 and 36 were 
inside the square area as seen in Figure 4. The 
compound 5 and 36 were classified as structurally 
influence compounds. For future investigations, the 
predicted anti-tubercular activity data must be 
considered reliable only for those molecules that 
fall within the applicability domain on which the 
model was constructed [45]. 
Moreover, it is not possible to use the reported 
QSAR models to predict the activity of any type of 
molecules vs. anti-tubercular activity. The applicability 
domain of the derived QSAR models is relevant 
only to the substituted oxazolidinone derivatives. 
However, it is very important to point out the 
eventual QSAR models disappointments: activity 
cliffs [46]. It is possible because similar molecules 
can show significant different biological activities. 
Activities are often wrong predicted for these 
molecules, even when the overall prediction of the 
models is high. The above model showed the 
relative position and ranges of the corresponding 
electrostatic and steric fields, and provides the 
guidelines for designing new molecules. 
From 3D-QSAR Model-2, it is observed that 
electrostatic descriptors like E_2008 with negative 
coefficient are near to the -CO-CO- group present 
between indole and piperazine ring. This indicates 
that the electronegative groups are favourable on 
this position to increase the anti-HIV activity of 
indole-7-carboxamides. The presence of steric 
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descriptors S_1869, S_1435 and S_1297 with 
positive coefficients at and near indole group of the 
indole-7-carboxamides ring indicates that bulky 

groups are favourable on this position and they 
increase the anti-HIV activity of indole-7-
carboxamides. 

 

 
Figure 4. 

Williams plot for Model Eq. (2): plot of standardized residuals (y-axis) versus leverages (hat values; x-axis) for 
each compound. 

 Prediction set, Training set 
 

 
Figure 5. 

Most active indole-7-carboxamide molecule 
selected for pharmacophore generation 

 

 
Figure 6. 

Generated pharmacophore model for indole-7-
carboxamide derivatives 

 
The generated pharmacophore hypothesis using the 
most active molecule (Figure 5) as reference 
indicates the significance of presence of two AroC 
(aromatic) and two HAc (hydrogen bond acceptor) 
features (Figure 6).  
Distance (AroC3 - HAc1) = 3.189 Å; Distance 
(AroC3 - HAc2) = 7.537 Å; Distance (AroC3 - 
AroC4) = 10.817 Å; Distance (AroC4 - HAc1) = 
10.402 Å; Distance (AroC4 - HAc2) = 3.909 Å; 
Distance (HAc1 - HAc2) = 7.903 Å (Figure 7). 

 

 
Figure 7. 

Distance map of pharmacophore sites in generated 
pharmacophore model for indole-7-carboxamide 

derivatives 
The aromatic feature is important for anti-HIV 
activity, in the present data set indolyl and 
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benzamido groups are contributing for this statement. 
Oxygen present in –CO- which is connecting indole 
group of the molecule with the –CO-N- group of 
pyrazine in the molecule and oxygen present in 
benzamido group are contributing the hydrogen bond 
acceptance property. These pharmacophoric features 
are important for the present data set to bind with 
HIV-1 gp120 and inhibit its binding with CD4 cells. 
 
Conclusions 

This study established 2D QSAR and 3D QSAR 
models for indole-7-carboxamides derivatives, which 
were found to be statistically significant and highly 
predictive for anti-HIV activity. The established 
pharmacophore hypothesis indicates the significance 
of presence of two AroC (aromatic) and two HAc 
(hydrogen bond acceptor) features. These findings 
could be utilized in the development and 
optimization of new indole-7-carboxamides with 
potential anti-HIV activity. It is concluded that the 
reported QSAR and pharmacophore models might 
be used specifically for predicting anti-HIV activity 
of indole-7-carboxamide derivatives. 
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